Abstract: This paper compares the performance of the former model order determination criteria with new
Introduction
It is well known that most economic and financial series follow the Autoregressive Moving average [ARMA (p,q)] model, and more often than not the autoregressive [AR(p)] model where p and/or q are the order of the model. However, determination of the correct order p, q has been a source of serious concern to analysts over the years, since inappropriate order selection may result in inconsistent estimate of parameters if p< true value or may not be consistent and increase in the variance of the model if p>true, Shibata [1] . In recent years, there has been a substantial literature on this problem and different criteria have been proposed to aid in choosing the order of the ARMA (p,q) process. These criteria are based on theoretical considerations that provide only asymptotic properties of the resulting estimators. The practitioner, however, usually faces the problem of making a choice on the basis of a limited data set. Among the criteria considered are the Akaike information criteria (AIC); Scwarz Information criteria (SIC), Hannan Quinn criteria (HQ); Carlos Information criteria (CIC) and others. It is rarely the case that the "true" order of a process is known. One of the most difficult and dedicate part of the time series analysis is the selection of the order of the process, based on a finite set of observations, since further analysis of that series is based on it. To overcome this difficulty several order selection criteria had been proposed in the literature but we don"t have any criterion which could be considered as the best criterion in all situations This paper therefore compares the performance of the commonly used information criteria such as Akaike Information Criteria (AIC), Scwarz Information Criteria (BIC), and Hannan -Quinn criteria with other new introduced median information criteria.
II.

Review of Literature
The information criterion has been widely used in time series analysis to determine the appropriate order of a model. The information criteria are often used as a guide in model selection. The goal of any order selection procedure is to estimate the order p for an AR model on the basis of n successive observations from a time series X(t) while the notion of an information criterion is to provide a measure of information in terms of the order of the model, that strikes a balance between these measures of goodness of fit and parsimonious specification of the model. The Kullback-Leibler quantity of information contained in a model is the distance from the "true" model and is measured by the log likelihood function. Models, by true models definition, are only approximations to unknown reality or truth; there are no that true models perfectly reflect full reality. George Box [2] made the famous statement "All models are wrong but some are useful." Further, a "best model," for analysis of data, depends on sample size; smaller effects can often only be revealed as sample size increases.
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www.iosrjournals.org 11 | Page Several criteria are used for this purpose, in particular, we discuss the AIC (Akaike, 1974) , SIC (Scwarz, 1978) and HQ (Hannan and Quinn, 1979 ) amongst others to compare with our new criteria. All these criteria"s objective is minimizing the residual sum of squares and impose a penalty for including an increasingly large number of regressors (lag values).
Akaike Information Criterion
The Akaike Information Criterion (AIC), Akaike [3] is an objective measure of model suitability which balances model fit and model complexity. Considering a stationary time series {Xt}, t = 1, 2, …, T, the Akaike information criteria consist of minimizing the function: K (p) = Tlogσ 2 + pc(n) (1) P = { 0, 1, 2, … m} where σ 2 is the estimated residual variance for a fitted AR (p) model, c(n) is a penalty term, n is the number of observations and m is a pre -determined upper autoregressive order. To obtain: Selection of the chosen model is then made by considering the minimum AIC = min {AIC (p)}, that is the model with smallest AIC is chosen. Details of the proof can be found in Akaike (1974) and Shibata (1976) . One advantage of AIC is that it is useful for not only in sample data but also in out of sample forecasting performance of a model. This criterion also designed for minimizing the forecast error variance. In sample forecasting essentially tells us how the chosen model fits the data in a given sample while the out-of-sample forecasting is concerned with determining how a fitted model forecasts future values of the regressed, given the values of the regressors. It is also useful for both nested and non-nested models. The outstanding demerit of this criterion is that of inconsistency. The procedure has been criticized because it is inconsistent and tends to over fit a model, Shibata (1976) showed this for autoregressive model and Hannan [4] for ARMA models.
Schwarz Information Criteria
The Schwarz information criterion is obtained by replacing the non-negative function c(n) in (2) by log e (N). Hence, we have p ∈ P = {0, 1, 2, … m} where σ p 2 is obtained as above and the appropriate model is obtained as that which minimizes the SIC (p) above, that is min (SIC (p). Details of the discussion can be found in Rissanen [5] ; Schwarz [6] and Stone [7] . The SIC imposes a harsher penalty than AIC, as its obvious from comparing (2) and (3). An important advantage of SIC is that for a wide range of statistical problems, it is order consistent (i.e. when the sample size grows to infinity, the probability of choosing the right model converges to unity) leading to more parsimonious models. Like the AIC, the lower the value of SIC, the better the model. The difference between AIC and SC is due to the way they were designed. AIC is designed to select the model that will predict best and is less concerned with having a few too many parameters. SIC is designed to select the true values of p and q exactly Like AIC, SIC can be used to compare in-sample or out-of-sample forecasting performance of a model.
Hannan -Quinn Criterion
The Hannan-Quinn criterion for identifying an autoregressive model denoted by HQ(p) was introduced by Hannan and Quinn (1979) . The adjusted version of it can also be applied to regression models, Al-Subaihi [8] . It is obtained by replacing the non -negative penalty function c (n) in equation (2) by log(logT). Thus, we have : 
p ∈ P = {0, 1, … m}. The best model is the model that corresponds to minimum HQ i.e. min (HQ (p)). The order selection procedure presented above have the advantage of being objective and automatic, but it over-fit when the sample size is small. Detailed discussion on this can be found in Hannan-Quinn (1979) ; McQuarrie and Tsai [9] .
Having noticed the limitations of these criteria, the aim of this study is to examine the veracity of these claims by introducing other new median criteria and compare their performance using the simulated data.
III. Methodology
Identification of optimal orders:
If the order of the AR process is unknown, it can be estimated with the help of information criteria (Helmute Lutkepohl [10] . For this purpose, AR processes with successively increasing orders p = 1, 2..., p max are estimated. Finally, the order p* is chosen which minimizes ) ( p t  , the estimated residuals of the AR (p) process with the respective criterion, while m is the number of estimated parameters. If the constant term is estimated too, m is p plus one for an AR (p) process. These criteria are always based on the same principle: They consist of the sum of squared residuals (or its logarithm), which decreases when the number of estimated parameters increases, and of a "punishment term", which increases when the number of estimated parameters increases. This is also reflected in the following relations, which, because of the different punishing terms, hold for these criteria:
These proofs are based on Quinn (1980) and Paulsen (1984) 
From the last term we can observe that (p+1)/T is always positive and AIC (m)-SIC (m) is less than zero from Lütkepohl (1991) then the value of 2-lnT must be negative. That means T is greater than or equal to eight and consequently the optimal order of AIC is greater than SC. Similarly for the case of (7), if we subtract HQ from AIC, AIC (p)-HQ (P) we also obtain
The right side of equation (9) is less than zero and it implies that 1-ln (lnT)0, that is Te e 16.
The purpose of this paper is to introduce a new information criteria between AIC and SC or AIC and HQ. We consider the median of AIC and SIC, HQ and SIC or AIC and HQ as a criteria.
3.2.
Median of SC and HQ denoted as MSH From equation (5), it is also possible to take the median of SIC and HQ as a new information criterion:
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Proof: Take the difference between MSH and SIC
2 (ln ) 2ln lnT lnT 0 , this implies that 0, and 1 (ln ) , finally T e .
This is true for all T 1, hence MSH is superior
From this equation we get -lnT  0 and which shows that T is greater than one. MSH is more optimal criterion than HQ for any value of T.
Median of AIC and SIC and denote as MAS
From equation (6) , it is possible to take the median of AIC and SC as a new information criterion:
If we compare MAS with AIC and SC, does it have a contribution for identification of model selection as equivalent as AIC and SIC? Does it have superiority in model selection with respect to number of observation?
Proof: Take the difference between of AIC and MAS,
This implies that (1-lnT/2)  0 and T  8
Proof: Take the difference between MAS and SC
Then -lnT  -2 and this implies that lnT is greater than or equal to two this implies to T  8
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3.4.
Median of AIC and HQ and denote as MAH From equation (7), it is also possible to take the median of AIC and HQ as a new information criterion.
Proof: Take the difference between AIC and MAH 
Model Selection
A large effort has been spent on a coherent theory of model selection over the past 40 years. We will not re-view this material in detail as it is covered in a number of books (e.g., Linhart and Zucchini1986 [11] , McQuarrie and Tsai 1998; Burnhamand and Anderson2002), research monographs, Sakamtoel [12] , and hundreds of journals papers, deLeeuw [13] . The starting point for effective model selection theory is Kullback-Leibler (K-L) information, I(f, g) Kullback and Leibler [14] . This is interpreted as the information, I, lost when full truth, f, is approximated by a model, g. Given a set of candidate models g i , one might compute K-L information for each of the R models and select the one that minimizes information loss that is, minimize I(f, g) across models. The starting point for effective model selection theory Akaike (1973 Akaike ( , 1974 ) provided a simple way to estimate expected K-L information, based on a bias corrected maximized log-likelihood value. This was a major breakthrough Parzen et al., [15] . Soon thereafter, better approximations to the bias were derived, Sugiura, Hurvich and Tsai1 [16] and the result, of relevance here, is an estimator Akaike Information Criterion (AICc) of twice the expected K-L information loss
where σ 2 is the estimated residual variance, n is the number of observations, and k is the number of estimated parameters for the model. Here, the estimator of σ 2 =WSSR/n, where WSSR is the weighted sum of squared residuals. The second term accounts for first-order bias, and the third term accounts for second-order bias resulting from a small number of observations. This is a precise mathematical derivation, with the third term depending on the assumed distribution of residuals, in this case, normally distributed error. Accounting for second-order bias is important when n/k <40. The aforementioned expression applies to analyses undertaken by a least squares approach; similar expressions are available for those using maximum likelihood procedures (Akaike1973). AICc is computed for each of the models; the model with the lowest AICc value is the best model, and the remaining models are ranked from best to poorest, with increasing AICc values. 
where, M= {M 1 ...M k } are the specified list of models used and P (M j ) prior probabilities. Using Schwarz"s approximation: where w i is the weight of evidence in favour of model i being the best model in the sense of minimum K-L information loss. These weights are also useful in multimodel inference. As parameters are added to a model, accuracy and variance increase, (fit improves, while uncertainty increases). Use of AICc selects models with a balance between accuracy and variance; this is the principle of parsimony. Prediction can be further improved by basing inference on all the models in the set.
IV.
Data Illustrations and discussion
In order to contrast the performance of the order identification criteria, simulation study was conducted on a wide range of autoregressive (AR) processes with different characteristics. The following assumptions were made. The random numbers follow a standard normal distribution with mean zero and variance unity. Data were generated for samples of T = 2-10, 50, 100, 1000, and 2000 with 100 replications each. Autoregressive models of orders p is equal to zero was generated and compared with 1, 2, 3, 4 and 5 lags. For each of the model structure, an autoregressive model was fit. The model order were examined using the criteria AIC, BIC, HQ and the 3 other new criteria using both the Eviews software package and Microsoft Excel.
The performance criterion is that, the information criterion with the highest number of cases (or weight of evidence) of selecting the correct order of the given autoregressive (AR), process is considered the best. To achieve our objectives we compute the probability of the correct estimation for each of these criteria. This probability (weight of evidence) could be any number between zero and one. Possible results are as follows: 1.
If this probability is 1, then it means that the criterion picks up the true lag length in all the cases and therefore is an excellent criterion.
2.
If the probability is close to 1 or greater than 0.5, then it implies that the criterion manages to pick up the true lag length in most of the cases and hence is a good criterion.
3.
If the probability is close to zero or less than 0.5 then it mean that the criterion fails to select the true lag length in most of the cases therefore it is not a good criterion.
4.
If this probability is zero, it implies that criterion fails to pick up the true lag length in all the cases and hence is poor criteria.
5.
A criterion under estimate the true lag length if it picks up a lag length, which is lower than the true lag length and if it selects a lag length, which is greater than the true lag length then it over estimates the lag length.
Since we want to study the behavior of all these criteria, therefore, along with the cases of correct estimation we also observe the selected lag length of all these criteria in all the cases to compute the probability of under estimation and over estimation.
After fitting the models to the generated data, the number of times each identification criteria (AIC, BIC, HQ, MAS, MAH and MSH) was able to accurately identify the correct order of a given AR structure and frequencies obtained.
In measuring the performance of the generated models, the criterion that has the highest number of cases (or percentage frequency) of selecting the correct order of the given AR structure is considered to be the best criterion. The results of the analysis were tabulated for different criterion of T = 2-10, 50, 100, 1000 and 2000 with replication R=100 in Table 1, Table 2 and Table 3 .The new approach median information criterion (MAS) show outstanding performance for large samples and small samples of data. Among the criteria, MAS, SIC and MSH for large sample series are consistent in the sense that if the set of candidate models contains the true" model, then these criteria select the true model with probability 1 asymptotically. We found that MAS performed better for small sample and for large samples. Other criteria like AIC, HQ, MSH and MAH are inconsistent for small sample size of the series. AIC, SC, HQ, MSH and MAH over estimate for T=7 and AIC over estimate for T=2000 the true lag.
Based on information criteria differences in Table 5 , the constant intercept parameters (order 0) is substantial supported by all criteria regardless of the sample size. Order one or 1 st lag is considerably less support by all samples, except MAS for n=50, and except SC and MSH for n=1000 and 2000. Furthermore, the 5 th lag is essentially discarded by some criteria for small size but for large samples of T=100, 1000 and 2000 all criteria discards lag five.
V. Summary and conclusion
The output from Table 1 -5 show that the performance of the MAS criteria approach is better than the others approach. All criteria estimate the true lag length for large samples except AIC.
The output of the study shows that for a series having more than 10 observations, there is an improvement in performance for each of these five criteria except AIC as the sample size grows. A criterion under estimate the true lag length if it picks up a lag length, which is lower than the true lag length, and if it selects a lag length, which is greater than the true lag length then it over estimates the lag length. This study also shows that AIC is inconsistent to select the correct lag length and over estimate the true lag length for large observation. Then AIC is not a good criteria to select the true lag. 
